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Epilepsy is a common serious neurological disorder with a complex set of possible phenotypes ranging
from pathologic abnormalities to variations in electroencephalogram. This paper presents a system called
Phenotype Exaction in Epilepsy (PEEP) for extracting complex epilepsy phenotypes and their correlated
anatomical locations from clinical discharge summaries, a primary data source for this purpose. PEEP
generates candidate phenotype and anatomical location pairs by embedding a named entity recognition
method, based on the Epilepsy and Seizure Ontology, into the National Library of Medicine’s MetaMap
program. Such candidate pairs are further processed using a correlation algorithm. The derived
phenotypes and correlated locations have been used for cohort identiﬁcation with an integrated
ontology-driven visual query interface. To evaluate the performance of PEEP, 400 de-identiﬁed discharge
summaries were used for development and an additional 262 were used as test data. PEEP achieved a
micro-averaged precision of 0.924, recall of 0.931, and F1-measure of 0.927 for extracting epilepsy phe-
notypes. The performance on the extraction of correlated phenotypes and anatomical locations shows a
micro-averaged F1-measure of 0.856 (Precision: 0.852, Recall: 0.859). The evaluation demonstrates that
PEEP is an effective approach to extracting complex epilepsy phenotypes for cohort identiﬁcation.
 2014 Published by Elsevier Inc.1. Introduction
There is an extensive amount of existing work in creating
clinical natural language processing (NLP) systems to extract infor-
mation from free text in speciﬁc disease domains. Two salient
examples are the Cancer Text Information System (caTIES) [1]
and SymText [2]. caTIES has been developed at the University of
Pittsburgh to extract coded information from surgical pathology
reports using terms from the National Cancer Institute (NCI) The-
saurus. SymText has been used to detect acute bacterial pneumo-
nia from chest X-ray reports. However, few existing efforts have
speciﬁcally targeted the epilepsy domain.
Epilepsy is a neurological condition characterized by a disrup-
tion of the normal electrochemical activity of the brain that results
in recurrent seizures [3]. It is the most common neurological
disorder, affecting 50–60 million people globally [4]. Sudden
Unexpected Death in Epilepsy (SUDEP) is the leading mode ofepilepsy-related death and is most common in patients with
intractable, frequent, and continuing seizures [5]. It is responsible
for 8–17% of deaths in epilepsy patients [6]. The selection of
patient cohorts for SUDEP research relies on speciﬁc phenotypic
characteristics, including syndrome, seizure types, EEG abnormal-
ities, response to anticonvulsants, age at onset, presence of a family
history of epilepsy, and medical comorbid disorders [7]. In addition
to these phenotypes, the correlation of phenotypic information
with anatomical information is crucial for gaining a better under-
standing of SUDEP, since anatomical information is important for
diagnosis, treatment, and prognosis [8].
A typical SUDEP cohort identiﬁcation query uses several pheno-
typic and anatomical characteristics. A sample query may read like
this: ‘‘Identify patients with left frontal lobe epilepsy who have
right versive seizure and whose EEG shows left frontal spikes
and left frontal ictal EEG pattern’’. This query illustrates the
required correlation between phenotypic elements (e.g., ‘‘versive
seizure’’, ‘‘spikes’’, ‘‘ictal EEG pattern’’) and anatomical locations
including laterality (e.g., ‘‘right’’, ‘‘left frontal lobe’’, ‘‘left frontal’’).
Epilepsy phenotypes and related anatomical locations are pri-
marily recorded in narrative discharge summaries in Epilepsy
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discharge summaries to extract such information is costly and
time-consuming. This problem is exacerbated in multi-center
clinical studies such as the ongoing US National Institutes of
Health’s National Institute of Neurological Disorders and Stroke
(NIH-NINDS) initiative on SUDEP [9].
1.1. The Prevention and Risk Identiﬁcation of SUDEP Mortality project
PRISM (Prevention and Risk Identiﬁcation of SUDEP Mortality)
is a multi-center study funded as a part of the NINDS SUDEP initia-
tive. PRISM aims to enroll potential SUDEP patients from four
participating EMUs [10]. Processing clinical narratives from the
participating EMUs is a signiﬁcant informatics challenge for the
following reasons:
1. Epilepsy discharge summaries contain highly specialized
epilepsy and seizure-speciﬁc terms;
2. Background knowledge needs to be used to take full advantage
of the detailed placement information associated with elec-
trodes that are used to record EEG patterns; and
3. There are positional variations of anatomical locations of epi-
lepsy phenotypes described in discharge summaries.
1.2. Related work
MetaMap [11,12] is a well-known open source program used
for mapping biomedical terms to the Uniﬁed Medical Language
System (UMLS) concepts and semantic types. It is capable of
identifying clinical ﬁndings and anatomical locations, but it lacks
support for identifying highly specialized epilepsy domain terms.
For example, ‘‘sign of four’’ is a lateralizing sign observed during
seizure, and ‘‘AF3’’ is a scalp electrode located on the left frontal
lobe. These are speciﬁc to epilepsy and cannot be recognized by
MetaMap as is.
Clinical Text Analysis and Knowledge Extraction System
(cTAKES) is another open source NLP system for identifying clinical
named entities [13]. cTAKES is extensible, allowing the implemen-
tation of specialized NLP systems focusing on speciﬁc disease
domains such as epilepsy. Our previous work [14] provided a
regular-expression-based clinical free text processing approach
called Epilepsy Data Extraction and Annotation (EpiDEA) that
extends cTAKES for analyzing epilepsy-speciﬁc clinical discharge
summaries. EpiDEA takes advantage of the background knowledge
captured in the Epilepsy and Seizure Ontology (EpSO) [10] for
epilepsy named entity recognition (ENER). EpiDEA extracts struc-
tured information from clinical discharge summaries for cohort
identiﬁcation, such as sex, age, epileptogenic zone, etiology, EEG
pattern, and antiepileptic medications. However, EpiDEA does not
extract more complex information such as anatomical locations
(e.g., the locations of EEG electrodes) and the correlation of such
anatomical locations with the associated epilepsy phenotypes.
There are a few NLP systems that are capable of detecting the ana-
tomical location of clinical ﬁndings. The SemRep system [15,16],
designed for automatic identiﬁcation of semantic predication from
biomedical literature, can identify semantic relations such as loca-
tion relations between UMLS concepts discovered by MetaMap
using underspeciﬁed syntactic analysis. Medical Language Extrac-
tion and Encoding System (MedLEE) [17] detects locations of clin-
ical ﬁndings in radiology reports based on a semantic grammar
that consists of rules specifying well-deﬁned patterns of semantic
classes.
More recent work [18,19] has focused on correlating anatomical
locations and clinical ﬁndings in radiology reports. In [18], MedLEE
was used to extract clinical ﬁndings and anatomical locations
from radiology reports, and a rule-based correlation engine wasdeveloped to assign locations to ﬁndings. In [19], a machine learn-
ing approach was presented to recognize the anatomical location
of actionable ﬁndings in radiology reports. However, these
approaches are not directly applicable to the epilepsy domain
because of the challenges mentioned earlier. This required the
development of an approach for extracting highly specialized epi-
lepsy and seizure-related terms and detailed locations of EEG
electrodes.
In this paper, we present a rule-based information extraction
system called Phenotype Extraction in Epilepsy (PEEP) to automat-
ically identify epilepsy phenotypes with anatomical locations. PEEP
utilizes EpSO, a highly specialized domain ontology, as the back-
ground knowledge source. It also leverages MetaMap’s capability
in identifying anatomical locations. With the extracted phenotypic
and anatomical information, patient cohorts can be effectively
identiﬁed at a greater level of detail relevant to patient care and
clinical research.2. Material and methods
This section consists of three components: (1) an overview of
EMU discharge summaries, the input for PEEP; (2) the Epilepsy
and Seizure Ontology, the knowledge source for PEEP; and (3)
the automatic phenotype extraction pipeline of PEEP.
2.1. EMU discharge summaries
The patient discharge summaries used in this work were
obtained from the EMU at the University Hospitals Case Medical
Center (UH CMC Cleveland). The discharge summary source ﬁles
were stored in one of three forms: Microsoft Word, Portable Docu-
ment Format (PDF), or image. These different formats were trans-
formed into a common text format. Discharge summaries in the
image format were preprocessed using Adobe Acrobat’s Optical
Character Recognition (OCR) tool for text recognition, and the
results were saved in PDF. Apache Tika [20] was used to extract
text from PDF or Microsoft Word documents. The output plain text
ﬁles were de-identiﬁed before processing by PEEP.
An EMU discharge summary report mainly consists of four
sections. Each section uses a section heading in capital letters to
distinguish them from the textual content. The heading for the ﬁrst
section is not ﬁxed. It is determined by the patient’s seizure
semiology in one of the following categories: ‘‘EPILEPSY CLASSIFI-
CATION’’, ‘‘CLASSIFICATION OF PAROXYSMAL EPISODES’’, and
‘‘CLASSIFICATION OF PAROXYSMAL EVENTS’’. The remaining three
sections are ‘‘HISTORY AND EXAM’’, ‘‘EVALUATION’’, and ‘‘CONCLU-
SIONS AND RECOMMENDATIONS’’, respectively.
With the help of two epileptologists, we identiﬁed ﬁve impor-
tant categories of epilepsy phenotypes related to anatomical loca-
tions for cohort identiﬁcation: Epileptogenic Zone, Seizure
Semiology, Lateralizing Sign, Interictal EEG Pattern, and Ictal EEG
Pattern. Fig. 1 shows a section in a discharge summary, capturing
a patient’s Epileptogenic Zone, Seizure Semiology, and Lateralizing
Sign. Fig. 2 is a segment in the section ‘‘EVALUATION’’, capturing a
patient’s Interictal and Ictal EEG Patterns.
2.2. Epilepsy and Seizure Ontology
Epilepsy and Seizure Ontology (EpSO), developed as a part of
the PRISM project, is an in-depth, structured knowledge source
incorporating the latest International League Against Epilepsy
(ILAE) terminology recommendations as well as the National Insti-
tute of Neurological Disorders and Stroke common data elements
(NINDSCDE) [10]. Currently containing more than 1000 classes,
EpSO is modeled using the World Wide Web Consortium (W3C)
Fig. 1. Epileptogenic Zone, Seizure Semiology, Lateralizing Sign captured in an original discharge summary.
Fig. 2. Interictal and Ictal EEG ﬁndings captured in a source discharge summary.
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categories of phenotypes studied in this paper, corresponding to
ﬁve EpSO classes: ‘‘EpileptogenicZone’’, ‘‘ParoxysmalEvent’’,
‘‘LateralizingSign’’, ‘‘InterictalPattern’’, and ‘‘IctalPattern’’. Each
class is categorized by multilevel subclasses. For example, ‘‘Parox-
ysmalEvent’’ has two subclasses: ‘‘EpilepticSeizure’’ and ‘‘NonEpi-
lepticSeizure’’ (paroxysmal events mimicking epileptic seizures).
‘‘EpilepticSeizure’’ is further classiﬁed into such subclasses as
‘‘Aura’’, ‘‘DialepticSeizure’’, and ‘‘MotorSeizure’’.
PEEP leverages EpSO as the background knowledge source to
support the following functionalities:
1. Term normalization: Commonly used synonyms and acronyms
of a term are modeled using the OWL annotation properties in
EpSO, and are normalized using the corresponding EpSO class.
Syntactic variation of terms such as singular/plural are normal-
ized using EpSO classes;
2. Subsumption reasoning: The EpSO class hierarchy allows PEEP
to correctly classify terms according to their broader semantic
type. For example, EEG signal patterns ‘‘polyspike’’ and ‘‘sharp
wave’’ are subtypes of ‘‘interictal patterns’’; and ‘‘scalp elec-
trode T6’’ locates at ‘‘right temporal lobe’’.
2.3. The PEEP pipeline
PEEP consists of ﬁve modules, represented by ﬁve rectangles in
Fig. 3:
1. A module for splitting sections and extracting segments to ﬁlter
out irrelevant information;2. A module for generating correlation candidates using EpSO to
perform regular-expression-based epilepsy named entity recog-
nition and MetaMap to recognize anatomical locations;
3. A module for the identiﬁcation of correlation candidates to link
anatomical locations to epilepsy phenotypes;
4. A module for classifying phenotype categories and storing the
resulting structured data to a database; and
5. A module for performing cohort identiﬁcation queries.
These modules are described in detail next.2.3.1. Section splitter and segment extractor
Due to the variations and misspellings of the section headings
in discharge summaries, we developed a section splitter using reg-
ular expressions and Jaro–Winkler string-distance. Jaro–Winkler
string-distance [21] is a measure of similarity between two strings
based on the number of characters appearing in approximately the
same position in both strings. It is used to identify section heading
candidates to match the aforementioned four sections. Patients’
epilepsy phenotypes and related anatomical locations are summa-
rized in the ﬁrst section (Fig. 1) and a segment ‘‘Current Video/
EEG’’ in the third section (Fig. 2), which are extracted using regular
expressions.2.3.2. Phenotype and anatomical location correlation candidate
generation
As shown in Figs. 1 and 2, the most important phenotype infor-
mation is captured in summarized and concise ways, which may
sometimes be represented as numbered lists. Since new lines often
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Fig. 3. Pipeline of the Phenotype Exaction in Epilepsy (PEEP) system.
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boundaries as an alternative.
The complexity in pairing anatomical locations with their corre-
sponding phenotypes stems from the following observations after
sentences have been segmented from discharge summaries:
1. Observation 1: The anatomical location may appear before,
after, or in the middle of phenotype terms. Examples (with
the anatomical location in bold) include: ‘‘generalized clonic
seizure’’, ‘‘right postictal paradoxical clonus’’, ‘‘right temporal
spikes’’, ‘‘paradoxical left arm and face clonus’’, ‘‘Tonic seizures
(right arm)’’, and ‘‘Spikes, right mesial temporal’’.
2. Observation 2: Some sentences may involve multiple correlated
phenotypes and anatomical locations. For example, the sen-
tence ‘‘Epileptic seizure semiology: Automotor seizure! Left
versive seizure! Left tonic seizure! Generalized tonic
clonic seizure’’ has four phenotypes, among which three have
associated laterality information.
3. Observation 3: A phenotype and related anatomical location
pair may appear within-phrase or across-phrase in a sentence.
In the example mentioned in Observation 2, each pair appears
in a single phrase. However, in the sentence ‘‘Interictal: Sharp
wave, right temporal, maximum T8’’, the phenotype ‘‘sharp
wave’’ and anatomical location ‘‘right temporal’’ appear across
phrases (they are both phrases themselves).
To address such complexity, we implemented a correlation-pair
generator called MetaMapRENER by embedding a rule-based epi-
lepsy named entity recognition (RENER) step, into MetaMap’s
detection of anatomical locations.
RENER is implemented to identify epilepsy phenotypes and
locations of EEG electrodes. Regular expressions are automatically
generated for ontological terms in EpSO to perform RENER. The
automatic approach to generating regular expressions was
described in [14]. Customized rules are also utilized to improve
RENER. For instance, ‘‘tonic seizure’’ is an epileptic seizure consist-
ing of sustained muscle contractions lasting more than 5–10 s.
‘‘Tonic episode’’ or ‘‘tonic event’’ is used to describe a paroxysmal
event that mimics tonic seizure and classiﬁed as a non-epileptic
seizure. In a few discharge summary reports, only ‘‘tonic’’ is used,
although the author clearly means ‘‘tonic seizure’’. The customized
rule for detecting and normalizing EEG electrode locations is this:
If an EEG electrode (e.g., ‘‘T6’’) is detected, then it is normalized
as the corresponding anatomical location (e.g., ‘‘right temporal
lobe’’) speciﬁed in EpSO.
RENER incorporates such rules to improve recall and to normal-
ize terms. RENER identiﬁed terms are automatically normalized
using their ontological counterpart in EpSO to support the ontol-
ogy-driven query interface for cohort identiﬁcation.
Additionally, MetaMap is used to detect anatomical locations. It
ﬁrst maps terms to UMLS concepts and semantic types, and then
ﬁlters them by the following six semantic types: ‘‘AnatomicalStructure’’, ‘‘Body System’’, ‘‘Body Part, Organ, or Organ Compo-
nent’’, ‘‘Body Location or Region’’, ‘‘Body Space or Junction’’, and
‘‘Spatial Concept’’.
To address the positional variation of anatomical locations
related to phenotypes as shown in Observation 1, MetaMapRENER
embeds RENER into MetaMap in the following way for an input
text (Fig. 4 shows the baseline MetaMapRENER).
A. Use MetaMap to divide the input text into phrases.
B. For each phrase P, use MetaMap to extract a set of anatom-
ical locations (one anatomical location may contain one or
multiple words) from the phrase P by ﬁltering the six
semantic types mentioned earlier.
C. If there are no anatomical locations in L (that is jLj ¼ 0),
RENER ﬁrst detects EEG electrodes, normalizes them to
anatomical locations, and then adds them to L.
D. The rest of the words in phrase P are further processed by
RENER to detect phenotypes. The output of the baseline
MetaMapRENER for the phrase P consists of a list of correla-
tion candidate pairs of detected phenotypes and anatomical
locations in L, based on the size of L, as follows:
D.1. If there are no anatomical locations in L (that is, jLj ¼ 0),
then only detected phenotypes are returned;
D.2. If there is one anatomical location in L, then each
detected phenotype is paired with the anatomical loca-
tion in L;
D.3. Otherwise, that is, there are more than one anatomical
location in L, then all the possible combinations of
detected phenotypes and anatomical locations are
returned.
For situations described in Observation 2 and Observation 3,
within-phrase correlation pair appears more often in sentences
with delimiters ‘‘!’’, ‘‘;’’, or ‘‘>’’. The baseline MetaMapRENER
can detect the delimiters and split a sentence into phrases which
are processed to generate correlation candidate pairs. For instance,
the detected candidate pairs for the sentence
‘‘Epileptic seizure semiology: Automotor seizure ! Left versive
seizure! Left tonic seizure! Generalized tonic clonic seizure’’.
mentioned in Observation 2 are:
(‘‘AutomotorSeizure’’, null), (‘‘VersizeSeizure’’, ‘‘Left’’), (‘‘Tonic-
Seizure’’, ‘‘Left’’), and (‘‘TonicClonicSeizure’’, ‘‘Generalized’’),
where null means no location.
The across-phrase correlation pairs cannot be detected by the
baseline MetaMapRENER if the phenotype and location are recog-
nized as two separated phrases. Hence we improve the baseline
MetaMapRENER with the following heuristic:
If there is a phrase with location (s) identiﬁed but no phenotype
detected by the baseline MetaMapRENER, then the sentence is
processed again to detect phenotypes in the rest of the sentence
excluding the location (s) words.
A. Split into
phrases
(MetaMap)
B. Extract anatomical
location word(s) from P
(MetaMap)
L = 0?
C. Detect EEG
electrode and
add element to L
(RENER)
D. Recognize phenotypes
from the rest of the words
(RENER)
L ?
D.2. Return detected
phenotypes and
anatomical location
D.1. Return detected
phenotypes with
no anatomical location
D.3. Return all the possible
combinations of detected phenotypes
and anatomical locations
Input text Phrase P Set L
No
Yes
= 0
= 1
> 1
Fig. 4. Baseline MetaMapRENER to generate phenotype and anatomical location candidate pairs.
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imum T8’’ mentioned in Observation 3 as an example, ‘‘Sharp
wave’’ and ‘‘right temporal, maximum T8’’ are recognized as two
phrases. Therefore, the baseline MataMapRENER detects a pheno-
type ‘‘SharpWave’’ with no location and a location ‘‘right temporal’’
with no phenotype. In this case, the rest of the words in the
sentence excluding the location words are processed, and ‘‘Sharp-
Wave’’ is recognized as a phenotype with the location ‘‘right tem-
poral’’. Therefore, the detected candidate pairs for the sentence are
(‘‘SharpWave’’, null) and (‘‘SharpWave’’, ‘‘right temporal’’).
2.3.3. Correlation algorithm
The phenotype and anatomical location correlation candidate
pairs are further ﬁltered using a correlation algorithm to recognize
the pairing. Fig. 5 shows the correlation algorithm with candidate
pairs generated for one document as the input. For each document,
duplicated phenotype and anatomical location candidate pairs may
be produced. The duplicated pairs are ﬁrst condensed into one pair
(line 1). Some of the remaining pairs may share the same pheno-
type but different anatomical locations. For example, the remain-
ing pairs may contain (‘‘Spike’’, ‘‘right frontal temporal’’) and
(‘‘Spike’’, ‘‘right temporal’’). Each remaining pair is represented as
a set of strings (lines 2–8). The best ﬁt is selected using partial
matching of the anatomical locations (lines 9–16). Here partial
matching is based on the set of words constituting the anatomical
locations as follows:Fig. 5. Correlation algorithm to identify pairs of phenotypFor two locations L1 and L2, L1 is deﬁned as partially matching
L2 if the set of words constituting L1 is a subset of that consti-
tuting L2.For the above example, ‘‘right temporal’’ is partially matching
‘‘right frontal temporal’’. Hence, we discard the pair (‘‘Spike’’, ‘‘right
temporal’’), and select (‘‘Spike’’, ‘‘right frontal temporal’’) as the
best ﬁt.
2.3.4. Phenotype category classiﬁer
Each phenotype and anatomical location pair obtained is classi-
ﬁed into one of the ﬁve categories, whose corresponding EpSO
classes are: ‘‘EpileptogenicZone’’, ‘‘ParoxysmalEvent’’, ‘‘Lateraliz-
ingSign’’, ‘‘InterictalPattern’’, and ‘‘IctalPattern’’. The classiﬁcation
is automatically performed based on EpSO’s class hierarchy. For
example, for the correlation pair (‘‘SharpWave’’, ‘‘Left temporal
lobe’’), PEEP automatically traverses up the EpSO class hierarchy
to ﬁnd the ancestor classes until one of the ﬁve is reached. The out-
put correlation pairs with the assigned categories are stored in a
structured relational database for cohort identiﬁcation.
2.3.5. Ontology-driven query interface for cohort identiﬁcation
To enable cohort discovery on structured data extracted from
discharge summaries, we developed an intuitive query interface
called Multi-Modality Epilepsy Data Capture and Integrationes and anatomical locations for a document.
L. Cui et al. / Journal of Biomedical Informatics 51 (2014) 272–279 277System (MEDCIS). MEDCIS adapts an ontology-driven query inter-
face framework in our previous work [22–24].
In [22], a visual query interface called Visual Aggregator
and Explorer (VISAGE) was developed for a multi-CTSA-site
collaborative project titled Physio-MIMI. Physio-MIMI provided
an ontology-driven framework for a federated approach to data
integration and VISAGE served as its frontend with support for
administrative and query lifecycle management, such as role-
based access control, query builder, query manager, and query
explorer. Furthermore, VISAGE merged ontology navigation activi-
ties with faceted query widget generation to explore Medicare
administrative data [23]. Inheriting the design style of VISAGE,
Visual Aggregator and Explorer Plus (VISAGE+) [24] enhanced
VISAGE in its abilities in incorporating large ontological systems
as plug-and-play components; querying longitudinal and multi-
dimensional data using ontology concept attributes; and support-
ing queries that require transitive closure over the ontology class
hierarchy (a.k.a. subsumption reasoning).
Given an ontological system and structured clinical data source,
a VISAGE+ interface can be implemented using a three-step pro-
cess: (1) importing the ontology; (2) linking with the data source
through a standard database connection; and (3) mapping data
source columns to appropriate ontology concepts or their attri-
butes. Once these steps are completed, the desired query interface
features such as merging ontology browsing with query construc-
tion and subsumption reasoning, become activated for use.
Following the three-step process, MEDCIS imports EpSO as a
plug-and-play component, connects to the relational database
storing epilepsy phenotype and anatomical location information,
and maps the database columns to proper EpSO concepts or
their attributes. For example, in the table storing EEG patterns
and correlated locations, the column for the pattern content is
mapped to the EpSO concept ‘‘EEGPattern’’, and the column for
the pattern location is mapped to the concept’s attribute value
for ‘‘hasLocation’’. After the completion of the mapping, MEDCIS
became directly usable for cohort identiﬁcation by clinical
researchers.3. Results
We used a corpus of 662 de-identiﬁed discharge summaries
from EMU at UH CMC. We randomly chose a development set of
400, and the remaining 262 were used as the test set for
evaluation.Table 1
Evaluation of phenotype extraction. TP: number of true positives, FP: number of false
positives, FN: number of false negatives, P: precision, R: recall, F: F1-measure.
Category TP FP FN P R F
Epileptogenic Zone 190 0 2 1.000 0.990 0.995
Seizure Semiology 529 59 50 0.900 0.914 0.907
Lateralizing Sign 58 2 8 0.967 0.879 0.921
Interictal EEG Pattern 349 40 14 0.897 0.961 0.928
Ictal EEG Pattern 117 0 18 1.000 0.867 0.929
Micro-average 0.924 0.931 0.9273.1. Reference standard
Two annotators from the EMU at UH CMC manually made the
reference standard for the test set of 262 discharge summaries.
The test set was divided into two disjoint subsets, and each anno-
tator worked on a single subset. They discussed the rules to follow
before creating the reference standard and shared examples during
the process of annotation. They identiﬁed epilepsy phenotypes and
related anatomical locations and recorded the pairs to a table with
columns for each of the ﬁve categories. When identifying anatom-
ical locations, they followed such rules as:
1. If there are no anatomical locations related to a phenotype, then
only the phenotype information is ﬁlled in;
2. If there is an EEG electrode identiﬁed, then the corresponding
anatomical location is used for annotation;
3. If both anatomical location and EEG electrode appear for a phe-
notype, then the anatomical location given and the anatomical
location corresponding to the EEG electrode are combined with
duplicates removed.The two subsets of annotation results were combined after each
annotator cross reviewed each other’s annotations, resolved dis-
agreements, and reached a consensus. A third annotator reviewed
the combined annotations and manually mapped the epilepsy phe-
notype terms (e.g., ‘‘sharp wave’’) to the normalized EpSO terms
(e.g., ‘‘SharpWave’’).
3.2. Evaluation
We evaluated PEEP based on its performance on both pheno-
type extraction as well as on phenotype and anatomical location
pair identiﬁcation. Label-based measures for multi-label classiﬁca-
tion problems were used as evaluation metrics [25,26].
For each phenotype category c, its precision (Pc), recall (Rc), and
F1-measure (Fc) are deﬁned as
Pc ¼ TPcTPc þ FPc ;
Rc ¼ TPcTPc þ FNc ; and
Fc ¼ 2PcRcPc þ Rc ;
where TPc is the number of true positives, FPc is the number of false
positives, and FNc is the number of false negatives.
The overall performance of PEEP was evaluated using the
micro-averaged precision, recall, and F1-measure, which gave
equal weight to every document. They were calculated by
summing up the individual true positives, false positives, and false
negatives of each category. Formally, these are deﬁned as
Pmicro ¼
P
c2CTPcP
c2CðTPc þ FPcÞ
;
Rmicro ¼
P
c2CTPcP
c2CðTPc þ FNcÞ
; and
Fmicro ¼ 2PmicroRmicroPmicro þ Rmicro ;
where C is the set of categories.
Table 1 shows PEEP’s performance on phenotype extraction
by category, with a micro-averaged F1-measure of 0.927
(Pmicro : 0:924;Rmicro : 0:931) and without accounting for the loca-
tion information. This demonstrates PEEP’s effectiveness in identi-
fying and normalizing epilepsy phenotypes.
For identifying phenotype and anatomical location pairs, we
used two evaluation settings: exact match and inexact match.
For the exact match, two pairs are considered a match if they have
the same phenotype terms and the same set of location words. For
the inexact match, if two pairs (one pair from the reference stan-
dard, the other identiﬁed by PEEP) have the same phenotype terms
but not exactly the same set of anatomical location words, they are
considered to be inexactly matched if the set of anatomical loca-
tion words in the pair identiﬁed by PEEP is a subset of the anatom-
ical location words in the pair from the reference standard.
Table 3
Evaluation of phenotype anatomical location pair extraction (inexact match). TP:
number of true positives, FP: number of false positives, FN: number of false negatives,
P: precision, R: recall, F: F1-measure.
Category TP FP FN P R F
Epileptogenic Zone 185 5 7 0.974 0.964 0.969
Seizure Semiology 514 74 65 0.874 0.888 0.881
Lateralizing Sign 50 10 16 0.833 0.758 0.794
Interictal EEG Pattern 339 50 24 0.872 0.934 0.902
Ictal EEG Pattern 112 5 23 0.957 0.830 0.889
Micro-average 0.892 0.899 0.895
Table 4
Evaluation of phenotype extraction using EpiDEA in [14]. TP: number of true
positives, FP: number of false positives, FN: number of false negatives, P: precision, R:
recall, F: F1-measure.
Category TP FP FN P R F
Epileptogenic Zone 190 0 2 1.000 0.990 0.995
Seizure Semiology 368 36 211 0.911 0.636 0.749
Lateralizing Sign 17 0 49 1.000 0.258 0.410
Interictal EEG Pattern 196 122 167 0.616 0.540 0.576
Ictal EEG Pattern 80 22 55 0.784 0.593 0.675
Micro-average 0.821 0.638 0.718
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match and inexact match settings, respectively. In both settings,
Lateralizing Sign received the lowest F1-measures. This demon-
strates the highest variability in the description of locations for
Lateralizing Sign. For EEG Pattern (including both Interictal EEG
Pattern and Ictal EEG Pattern), an extra set of 36 true positives
(451 415 ¼ 36) were identiﬁed for inexact match, indicating that
the phenotype was correctly identiﬁed but part of the anatomical
location information was missing. Although the overall perfor-
mance decreased compared to the phenotype extraction only
(due to the variability of the anatomical locations correlated to
phenotypes), micro-averaged F1-measures of 0.856 and 0.895 were
achieved for exact match and inexact match, respectively.
4. Discussion
4.1. Comparison with previous work
Table 4 shows the evaluation of phenotype extraction on the
test set using our previous approach EpiDEA [14], which achieved
a micro-averaged precision of 0.821, recall of 0.638, and F1-mea-
sure 0.718. Its performance on identifying Epileptogenic Zone is
the same as that of PEEP (see Table 1) since the related information
appeared as simple ‘‘attribute:value’’ pair. For the rest of the
categories, PEEP performed better than EpiDEA on phenotype
extraction.
PEEP used the same automatic approach generating regular
expressions for named entity recognition (NER) as for EpiDEA,
but incorporated some additional customized rules. Since NER is
based on phrases recognized by shallow parsers, the main differ-
ence in phenotype extraction using PEEP and EpiDEA stemmed
from the techniques used for identifying phrases: PEEP adapted
MetaMap’s shallow parser while EpiDEA adapted cTAKES’ shallow
parser.
4.2. Error analysis
We performed error analysis for both false negatives and false
positives. The following cases were found for false negatives:
1. Errors introduced in the pre-processing step: The use of Adobe
OCR and Apache Tika introduced missing words or spelling
errors during their transformation to plain text ﬁles. For exam-
ple, ‘‘Polyspike-and-wave and spike-and-wave’’ was converted
to ‘‘Polyspik an wave and spik an wave’’ in the plain text ﬁle.
Another example is that sometimes the section header or seg-
ment header was mispositioned after the transformation, which
makes the section splitter and segment extractor identify insuf-
ﬁcient information;
2. Complex combinations of anatomical locations: Take the ‘‘Sharp
waves, left fronto-temporo-parietal’’ as an example, MetaMap
can only identify ‘‘left’’ and ‘‘parietal’’ with ‘‘fronto’’ andTable 2
Evaluation of phenotype anatomical location pair extraction (exact match). TP:
number of true positives, FP: number of false positives, FN: number of false negatives,
P: precision, R: recall, F: F1-measure.
Category TP FP FN P R F
Epileptogenic Zone 180 10 12 0.947 0.938 0.942
Seizure Semiology 504 84 75 0.857 0.871 0.864
Lateralizing Sign 48 12 18 0.800 0.727 0.762
Interictal EEG Pattern 319 70 44 0.820 0.879 0.848
Ictal EEG Pattern 96 21 39 0.821 0.711 0.762
Micro-average 0.852 0.859 0.856‘‘temporo’’ missing. Another example is ‘‘Sharp wave/Polyspike
left temporal T7 FT9 F7’’, which contains explicit location and
multiple electrodes. Only part of the anatomical locations were
identiﬁed in these cases. This is the main cause of the discrep-
ancy of exact match and inexact match for EEG Pattern in terms
of the numbers of true positives identiﬁed (Table 2 and 3);
3. Missing correlations of intracranial electrodes to brain anatomy
in EpSO: EpSO models scalp electrodes that are correlated to
anatomical locations, but there are no standard placement
schemes deﬁned for intracranial electrodes. This makes it difﬁ-
cult for PEEP to infer brain location for the extracted intracra-
nial electrodes in discharge summaries. The ILAE is in the
process of creating a task force to standardize the placement
scheme for intracranial electrodes. The incorporation of the
new scheme in EpSO will enable PEEP to extract and interpret
an increasingly important source of epilepsy phenotype
information;
4. Cross-sentence phenotype and related anatomical location pair:
For example, the original sentence ‘‘. . . ! Left versive sei-
zure! ’’ may be split into two sentences ‘‘...! Left’’ and ‘‘versive
seizure! ’’ due to the inappropriate line breaks. Also, the related
anatomical location may be explicitly written in a different line
from the phenotype. PEEP is not capable of identifying cross-sen-
tence phenotype and anatomical location in its current stage.We
are planning to test amachine learning based approach thatmay
improve PEEP’s ability to handle such cases.
There are two reasons for false positives. One is that MetaMap
identiﬁed incorrect phrases. For example, MetaMap identiﬁed
one phrase describing a Lateralizing Sign ‘‘Right hand nose wiping’’
as two phrases ‘‘Right hand nose’’ and ‘‘wiping’’. This is the main
cause of the relatively low performance of Lateralizing Sign identi-
ﬁcation (Tables 2 and 3). The other is that MetaMap sometimes
assigned incorrect semantic types to anatomical locations. For
instance, MetaMap sometimes assigned the word ‘‘Left’’ in phrase
‘‘Left clonic seizure’’ as a functional concept. This limited PEEP to
correctly identifying ‘‘clonic seizure’’ but with the laterality ‘‘Left’’
missing. A possible improvement is to re-identify anatomical
location if a phenotype is detected without anatomical location
identiﬁed.
L. Cui et al. / Journal of Biomedical Informatics 51 (2014) 272–279 2794.3. Limitation and future work
We only evaluated PEEP on patient discharge summaries from
one institution (EMU at UH CMC). In future work, we plan to apply
and evaluate PEEP on reports from other participating EMUs.
Although the rules used in PEEP has been effective on reports from
EMU at UH CMC, extra rules may be needed for processing dis-
charge summaries from other EMUs. It would also be interesting
to compare our rule-based approach with a machine learning
approach.
5. Conclusion
Manual review of a large number of patient discharge summa-
ries produced in EMUs for identifying a SUDEP cohort is costly and
time-consuming. This paper introduces a rule-based system called
PEEP for automatic extraction of complex epilepsy phenotypes and
correlated anatomical locations from discharge summaries. PEEP
leverages a domain ontology called EpSO together with the
well-established MetaMap program to facilitate named entity
recognition and complex phenotype extraction. The evaluation
demonstrates that PEEP is effective in identifying epilepsy pheno-
types as well as correlated location information to support cohort
identiﬁcation.
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